Aims: The objective of our study was to compare the microbiota diversity between two different age groups of Western European women. Methods and Results: Skin-swab samples were collected directly on the forehead of 34 healthy Western European women: 17 younger (21-31 years old) and 17 older individuals (54-69 years old). Bacterial communities were evaluated using the 16S rRNA gene sequencing. Data revealed a higher alpha diversity on the skin of older individuals compared with younger ones. Overall microbiota structure was different between the two age groups, as demonstrated by beta diversity analysis, which also highlighted a high interpersonal variation within older individuals. Furthermore, taxonomic composition analysis showed both an increase in Proteobacteria and a decrease in Actinobacteria on the older skin. At the genus level, older skin exhibited a significant increase in Corynebacterium and a decrease in Propionibacterium relative abundance. Conclusions: Our study revealed a shift in the distribution of skin microbiota during chronological aging in Western European women. Significance and Impact of Study: Altogether these results could become the basis to develop new approaches aiming to rebalance the skin microbiota, which is modified during the aging process.
Introduction
The skin is the largest organ in the human body. It is composed of three organized layers-epidermis, dermis and hypodermis-acting as a complex and essential barrier to protect the body against external aggressions, including pathogen invasion (Madison 2003) . The skin also hosts a real ecosystem composed of various microorganisms including fungi, bacteria, viruses and archaea, reaching concentrations of 10 million of cells per square centimetre (Fredricks 2001; Grice and Segre 2011) .
The majority of these micro-organisms is harmless and even beneficial. They constitute the skin microbiota that is responsible for inhibiting pathogens adhesion and educating the host's local immune system (Sanford and Gallo 2013; Byrd et al. 2018) . The intimate commensal relationship between the skin and its microbiota is very complex but necessary for healthy skin with efficient barrier function (Dr eno et al. 2016; Baldwin et al. 2017) . Indeed, several studies have demonstrated that an imbalance of skin microbiota is associated with various skin diseases, such as psoriasis (Tett et al. 2017) , vitiligo (Ganju et al. 2016) , atopic dermatitis (Kong et al. 2012) or acne (Rocha and Bagatin 2017) .against these commensal micro-organisms allows a constant colonization of the skin during childhood and is dependent on a combination of individual-related internal and external factors (Capone et al. 2011) . At adulthood, the skin microbiota reaches an equilibrium unique for each individual (Schommer and Gallo 2013) . Beyond this intra-individual temporal stability, the microbial communities mainly vary across body sites (Costello et al. 2009; Oh et al. 2016; Perez Perez et al. 2016) . It is now assumed that specific bacteria are associated with moist, dry and sebaceous microenvironments since each site represents an ecological biotope that favours the growth of its own micro-organism communities (Grice and Segre 2011; Barnard and Li 2017) .
Interpersonal variations of skin microbiota have also been largely reported (Ursell et al. 2012; Rodrigues Hoffmann 2017) . Indeed, the composition of human skin microbiota is influenced by multiple factors such as gender, environment, lifestyle and hygiene practices (Fierer et al. 2008; Ying et al. 2015; Prescott et al. 2017; Szab o et al. 2017) . Among these factors, the influence of aging on skin microbiota has been studied for many years (Somerville 1969; Leyden et al. 1975 ). Most published studies about this topic have focused on the physiological changes of skin during aging and how they may affect skin ecology and thus resident microbiota (Wilhelm et al. 1991; Farage et al. 2008) . However, the knowledge gathered on skin microbiota was limited to culture-dependent assays, reducing the number of identified species. With the development of next generation sequencing, three recent studies have directly shown that the diversity of skin microbiota was largely affected by skin aging in adult women (Shibagaki et al. 2017; or men . While these studies give new insights in microbial diversity variations with aging, analyses are restricted to Asian skin. To our knowledge, the bacterial diversity between younger and older Caucasian skins has not yet been evaluated.
As skin microbial communities vary among all ethnicities (Leung et al. 2015) , results obtained on Asian skin cannot be extrapolated to worldwide populations. It would, therefore, be of interest to identify potential agerelated changes in cutaneous microbiota for each ethnic origin. In this context, the aim of our study was to compare the microbiota diversity between two different age groups of Western European women. For this purpose, bacterial communities, collected from the forehead of each individual, were evaluated based on the 16S rRNA gene sequencing data. Our results show age-related changes in the diversity of Western European women skin microbiota, thus confirming previous data obtained on Asian skin (Shibagaki et al. 2017; ). This allows us to highlight the bacterial signature on Western European skin across aging.
Material and methods

Mock communities
Commercially available microbial mock communities, ZymoBIOMICS ™ Microbial Community Standard (lot no. 
ZRC183430) and ZymoBIOMICS
Skin sample collection
Samples were obtained from the forehead of 34 Western European women divided into two age groups: 17 younger individuals ranging between 21 and 31 years old (mean 28 AE 3 years) and 17 older menopausal individuals ranging between 54 and 69 years old (mean 62 AE 5 years). All participants live in Brive-la-Gaillarde (Corr eze, France) or nearby. This study was compliant with the Declaration of Helsinki Principles, and it was approved by the institutional review board of SILAB. Subjects were selected carefully to fit in the project's scope. Included subjects were given clear and precise information regarding the outlines of the project. All volunteers signed an informed consent form and declared to be in good health with no current skin infections. They were asked not to receive any antibiotics or antifungals for at least 1 month prior the study, to keep their hygiene products and skincare habits within the previous 14 days, to remove their makeup and not wash their face and hair or apply any skincare product 12 h before the sampling. Sampling was conducted in a temperature (22 AE 2°C) and humidity (40-60%) controlled area using a strict procedure of superficial skin swabbing. The middle of the foreheads were gently rubbed on an area of 5 9 2 cm using sterile cotton-tipped swabs (FLOQSwabs ™ , COPAN diagnostic Inc., Murrieta, CA, USA) moistened with 0Á15 mol l À1 sodium chloride (NaCl), 0Á1% Tween 20. and PCR grade water (Sigma-Aldrich, Saint-Louis, MO, USA). PCR was performed on a Mastercycler EP Gradient thermocycler (Eppendorf, Hamburg, Germany) by using the following conditions: an initial denaturation step at 95°C for 3 min followed by 30 cycles of denaturation at 95°C for 30 s, annealing at 58°C for 30 s, and extension at 72°C for 30 s, and a final extension step at 72°C for 5 min. A second indexing PCR was performed to uniquely barcode each sample with 5 0 and 3 0 Nextera XT dual-indices (Illumina, San Diego, CA, USA). Specifically, PCR reaction contained 1X KAPA HiFi HotStart ReadyMix (KAPA Biosystem), 5 ll of each primer, PCR grade water (Sigma Aldrich) and 5 ll of the targeted PCR product used as the template in a 50 ll volume PCR reaction. Cycling conditions were the same as the targeted PCR, except for the annealing temperature reduced at 55°C, with only eight amplification cycles. After each PCR, products were purified using Agencourt AMPure XP magnetic beads (Beckman Coulter, Brea, CA, USA) according to the manufacturer's protocol and DNA amplification was checked on a 2% agarose gel. Final DNA concentration was measured using Quant-iT PicoGreen dsDNA Assay Kit (Thermo-Fisher Scientific) and was adjusted to 4 nmol l À1 , 5 ll of each sample was then pooled together. Pooled samples were denatured with 0Á2 mol l À1 of NaOH, further diluted to 6 pmol l À1 and combined with 15% (v/v) of a denatured PhiX solution at 6 pmol l À1 . Samples were paired end sequenced (2 9 251) on the Illumina MiSeq sequencing platform using a MiSeq Reagent Kit v3 (600 cycles) (Illumina) according to a standard protocol. After sequencing, sequences were demultiplexed, and the generated FASTQ were used for downstream data analysis.
Bioinformatics analysis
Sequencing dataset were processed with FROGS pipeline supported by the Galaxy web-based platform (Escudi e et al. 2017). Forward and reverse reads of paired-end raw sequences were trimmed against primer sequences using CUTADAPT (v1.8.3), merged using FLASH (v1.2.11) and dereplicated. During this step, quality control was applied by discarding reads shorter than 400 bp or displaying a rate of mismatch in the overlap region > 10%. Similar high-quality sequences were de novo clustered into operational taxonomic units (OTUs) using SWARM clustering method (v2.1.1) (Mah e et al. 2014) with an aggregation distance of 3. Chimeric OTUs were identified by the UCHIME algorithm (v1.1.3) and removed. Only OTUs that made up to 0Á005% or more of the total sequences were considered (Bokulich et al. 2013) . A representative sequence for each OTU was used to assign taxonomy using BLASTN+ (v2.2.30) against a curated version of the SILVA 16S rRNA database (release 128 with sequences displaying a Pintail value of 100) with a minimum identity and coverage threshold of 96 and 99%, respectively. Annotated OTUs were used to determine the relative abundance of bacterial phyla and genera in each sample. Representative sequences from each OTU were aligned by using PyNAST, and a phylogenetic tree was inferred by using FastTree (v2.1.10). Rarefaction curves and analyses of alpha and beta diversity were performed in R language (v3.4.2) using the phyloseq and ggplot2 package in Rstudio (v1.1.383). To avoid biases generated by differences in sequencing depth, the OTU table was rarified to an even depth of 35 000 sequences for diversity analysis. Alpha diversity was evaluated by calculating three indices including observed OTU numbers, Chao1estimated OTU numbers and Shannon index. Beta diversity was assessed by calculating UniFrac distance among the samples (weighted and unweighted) from OTU table. Principal coordinates analysis (PCoA) of beta diversity was used for cluster analysis between age groups. Good's coverage was calculated using Qiime software (v1.9.1). A linear discriminant analysis (LDA) with effect size (LEfSe) (Segata et al. 2011 ) generated in Galaxy was used to identify differentially contribution of genera between groups. A P value < 0Á05 was considered as statistical significance and the threshold of LDA score was set to 3Á0.
Statistical analysis
Statistical significance was determined using the two sample t-test or Wilcoxon's rank-sum test, according to data analysed. Analysis was performed using Statsgraphics centurion 18 software (Statgraphics Technologies, Inc., The plains, VA, USA). Permutational multivariate analysis of variance (PERMA-NOVA) was applied to analyse the differences in microbiota structure between age groups using the 'adonis' function in the Vegan package (Rstudio, Boston, MA, USA). R 2 indicates the percentage of variance explained by the age parameter. Significance was reported when P < 0Á05.
Results
Validation of analysis pipeline
We first applied our library preparation and bioinformatics analysis methods to two commercially available microbial community standards (Fig. 1) . A very high Pearson correlation coefficient was observed between the Mock Community and Mock DNA (r = 0Á99), revealing no bias associated with the nucleic acid extraction method employed. Furthermore, every genus present in microbial community standards was identified with a strong correlation in the abundance level between the expected and the observed composition for the Mock Community (r = 0Á87) and Mock DNA (r = 0Á89), thus validating our analysis pipeline.
Overview of sequencing data
A total of 2 379 018 reads with an average length of 417 bp were obtained from the 34 skin samples after filtering the data. Mean sequence reads per sample was of 64 531 AE 16 919 and 69 971 AE 16 909 for younger and older age group, respectively, with a minimum of 35 608 reads (for details in sequence distribution, see Table S1 ). To avoid bias due to sequencing depth, analysis was conducted on 35 000 reads for each sample. These reads were classified in 310 OTUs obtained among all samples (all of them were classified as bacteria), revealing the presence of seven phyla and 77 genera.
Age-related differences in alpha diversity
Alpha diversity describes the diversity within a sample. Rarefaction curves of the observed OTU numbers as a function of the sequence reads were calculated. All of them tended to reach a plateau, indicating the number of OTUs we analysed for each sample was sufficient to exhibit the full species diversity (Fig. 2a) . All samples also displayed a Good's coverage value >0Á99 (Table S1 ), confirming a strong sequencing depth. Alpha diversity between the two age groups was analysed using both observed and chao1-estimated OTU numbers-i.e. two metrics reflecting species richness-and the Shannon index-i.e. an ecological measure of community richness and evenness.
No significant difference was found in the number of observed or chao1-estimated OTU, revealing no difference in the richness within samples of the two age groups (Fig. 2b,  c) . Conversely, Shannon alpha diversity index significantly increased in older age group (1Á74 AE 0Á35) compared with younger age group (1Á30 AE 0Á44) (Fig. 2d) , thus indicating an age-related modification in the distribution of bacterial communities. Interestingly, Shannon index appears close to 1, reflecting a low diversity profile of the forehead skin.
Age-related differences in beta diversity
Beta diversity considers the overall structural difference and similarity between different microbial communities. Beta diversity among samples was assessed by calculating both weighted (considers relative abundance of OTUs) or unweighted (presence/absence of OTUs) phylogenetic UniFrac distances at the OTU level (Lozupone et al. 2007) . PCoA of weighted UniFrac distance revealed a distinct clustering in samples of both age groups ( Fig. 3a ; r² = 0Á11602, P = 0Á0082), while no clustering was found for unweighted UniFrac distances ( Fig. 3b ; r² = 0Á04983, P = 0Á0784). These data suggest that agerelated modifications in the beta diversity may be primarily due to a variation in the most abundant OTUs rather than to differences in the type of bacterial lineages present. Moreover, greater dispersion of samples from the older age group based on weighted UniFrac distances revealed a higher dissimilarity within older individuals.
Taxonomic changes in skin microbiota between the two age groups
Taxonomic changes in the age-related diversification were next investigated at both phylum and genus levels. The bacterial community of forehead skin was dominated by four phyla: Actinobacteria, Firmicutes, Proteobacteria and Bacteroidetes, representing more than 99% of the total sequences across the two age groups. (Fig. 4a) . The proportion of Actinobacteria in older individuals (mean: 46Á7%) was significantly lower than in younger ones (59Á2%). In contrast, the phylum Proteobacteria was significantly more abundant in older age group (13Á9%) than in younger age group (3Á5%) ( Figure S1 ).
Seventy-seven genera were detected in the dataset, and 10 of them were found in larger proportion with an average abundance > 0Á5% (Fig. 4b) . Among them, Propionibacterium and Staphylococcus genera represent more than 80% of the total reads. Propionibacterium were significantly less abundant in the older age group (40Á6%) compared with the younger age group (56Á6%), whereas a markedly higher proportion of Corynebacterium was found in older age group (5Á0% compared with 0Á8% in the younger age group). In addition, a non-significant trend towards an increase in Enhydrobacter and Acinetobacter was also observed in older individuals, contributing to the higher abundance of Proteobacteria in this age group. Moreover, the composition of the 'others' category (unknown genera or genera with < 0Á5% mean relative abundance) was significantly higher in the older (14Á2%) than in the younger age group (5Á1%) ( Figure S2 ).
To go even further, LEfSe tool was used to measure the contribution of each taxon to the previously identified differences between the two age groups (Fig. 4c,d ). Nodes represent phylogenetic levels from domain to genus (from inside out). Each node diameter is proportional to the taxon's abundance and is coloured by age groups (red for older and green for younger age group) for which it is significantly more abundant. a: Corynebacterium; b: Arthrobacter; c: Propionibacterium; d: Propionibacteriaceae; e: Propionibacteriales; f: Actinobacteria; g: Sneathia; h: unknown genus; i: Neisseriaceae; j: Neisseriales; k: Betaproteobacteria; l: Halomonas; m: Halomonadaceae; n: Oceanospirillales; o: Moraxellaceae; p: Pseudomonadales. [Colour figure can be viewed at wileyonlinelibrary.com]
As expected, a high contribution of the genera Propionibacterium (higher in younger age group: LDA score 4Á9) and Corynebacterium (higher in older age group: LDA score 4Á3) was found. In addition, five other genera were identified (LDA scores > 3Á0), contributing to the differences observed in 'others' group. Two of them, an unknown genus in the order Neisseriaceae (LDA score 4Á6) and Halomonas (LDA score 4Á2), both belonging to the Proteobacteria, contribute to the age-related difference observed for this phylum.
Discussion
In the present study, we demonstrated that the diversity and taxonomic composition of skin microbiota of Western European women are strongly influenced during chronological aging. This study compared the skin microbiota of Western European individuals belonging to two age groups, albeit we note that the selected cohort constitutes only a part of this population. As it was shown that different environmental exposure or diet could influence microbiota in the gut (Zhang et al. 2015) , this skin-based study should be extended to other Caucasian groups to take into account different lifestyles which may coexist within this population. Moreover, by focusing on women, this study analysed age-related microbiota variations, regardless of gender influence (Ying et al. 2015) . Nevertheless, it would also be interesting to perform the same study on male volunteers. The analysed body site-i.e. forehead-was selected according to two main criteria. First, although aging affects all organs, one's age is generally assessed by different features observed on the face, which plays an important role in human identity and social interactions (Nkengne et al. 2008; Samson et al. 2010) . Second, a recent study conducted by Shibagaki et al. (2017) demonstrated a high similarity on microbiota diversity between different face sites, i.e. cheeks or forehead.
Data revealed higher alpha diversity on the skin of older individuals compared with younger individuals with a significant age-related change in the distribution but not in the richness of the forehead skin microbiota. Nevertheless, the richness of the samples tends to be higher in older subjects compared with the younger ones. This result is slightly different of previous studies conducted on Thai and Japanese women reporting a strong skin microbiome richness on older individuals (Shibagaki et al. 2017; Wilantho et al. 2017) . This discrepancy could be explained by the regions of the 16S rDNA selectedi.e. V3 -V4 in this study (Meisel et al. 2016 )-but also by the different environment in which each panel of volunteers evolves (Leung et al. 2015) . In parallel, results obtained for the Shannon index reflect a low diversity profile of the forehead skin, partly explained by an overrepresentation of Propionibacterium and Staphylococcus. This is consistent with previous studies showing lower bacterial diversity in sebaceous areas such as forehead, cheek or scalp than dry areas such as forearm (Grice et al. 2009; Oh et al. 2016; Perez Perez et al. 2016) . In addition, beta diversity examination revealed that young and aged skins share the same species but in different relative abundances. Altogether, these results suggest a higher proportion of minor OTUs on older compared with younger skin.
These results mirrored those obtained by taxonomic classification, showing both an increase in Proteobacteria and a decrease in Actinobacteria on aged skin. Similar results were reported on palms, forearm, forehead, cheek and scalp of male and female Asian volunteers (Shibagaki et al. 2017; Wilantho et al. 2017) . Interestingly, a study suggests that Proteobacteria are temporary environmental contaminants of the human skin (Cosseau et al. 2016) . Moreover, this phylum seems to be more abundant in psoriatic lesions and chronic wounds than in healthy skin (Han et al. 2011; Fahl en et al. 2012) . Like Actinobacteria, the older age group showed a significant decrease in Propionibacterium. Several studies reported that Propionibacterium is a lipophilic resident of sebum-rich regions (Costello et al. 2009; Grice et al. 2009; Bouslimani et al. 2015) . Consistent with these results, changes in hormonal levels already described during menopausal state and leading to lower sebum production may explain the reduction of Propionibacterium spp. observed in older age group (Bensaleh et al. 2006) . Since Propionibacterium spp. was recently described as producing an enzyme with antioxidant capacities (Allhorn et al. 2016) , its lower abundance in the older age group might partly contribute to the increase of oxidative stress that is characteristic of aged skin (Lephart 2016) . Within Actinobacteria, we also observed a striking increase in Corynebacterium spp. in older age group, as previously reported on axillary fossae (Li et al. 2014) . While commensal, this genus could become pathogen as several studies have reported the link between Corynebacterium spp. increase and cutaneous infections, in conjunction with skin barrier defects (Cogen et al. 2008; van Rensburg et al. 2015) . As some species share the same V3 -V4 regions, our methodology does not allow an analysis at species level for all the genera. To go even further in the characterization of skin from aged individuals and its microbiota, it would be of interest to sequence other hypervariable regions or to perform whole genome shotgun sequencing.
While our study does not elucidate the reason of microbiota shift with age, it seems that modifications in skin physiology during the process of aging, such as sebum secretion, hydration, pH level and lipid composition, could predict microbiota changes (Mukherjee et al. 2016) . Moreover, innate immune defences of the skin are weakened with age, thus increasing susceptibility to pathogenic invasions and further impairment of barrier function (Vukmanovic-Stejic et al. 2011) . Hence, skin of young individuals may have a very important role in selecting commensal bacteria allowing overrepresentation of Firmicutes and Actinobacteria and thus limiting the bacterial diversity. In contrast, skin of aged individuals, due to physiological and immune changes, may relieve this selective pressure, so that rare opportunistic bacteria such as Proteobacteria may colonize the skin, leading to a higher diversity. If we hypothesize that the shift in the skin microbiota is a consequence rather than a cause of the aging process, it may explain the greater interpersonal variation observed within individuals of the older group related to the wide range of aging kinetics of each individual.
In conclusion, this study presented age-related changes in the skin microbiota diversity of Western European women. It is suggested that this imbalance in the skin microbiota is linked to physiological changes in skin that occur during chronological aging or following external factors. Hence, the state of skin microbiota could become a readout predicting the progression of aging on skin. While deepen our knowledge on skin modifications during aging, this study will help to develop new approaches to rebalance skin microbiota and prevent age-related skin disorders.
Supporting Information
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